The paper investigates how multi-finger myoelectric signals could be used to control a virtual robotic prosthetic hand created by using robot operating system (ROS). Both off-line and online experiment phases are conducted by using ten electrodes and performing eight selected multi-finger motions on four healthy subjects. Classification accuracy and confusion matrix of eight time domain (TD)-features and two algorithms are compared during the off-line phase. Then the delay time and accuracy of online control of six selected TD-features and support vector machine (SVM) algorithm are presented with and without visual feedback from the virtual robotic prosthetic hand system. The experimental results show that different feature extraction principles have significant influence on online experiment performance when using SVM without visual feedback (SVMO), and the SVM with visual feedback (SVMW) has improved the online classification and recognition accuracy of eight multi-finger motions through all selected TD features.
Introduction
An electromyography (EMG) signal is an electrical voltage and comes from the accumulation of muscle fibre membrane potentials that stimulates muscles to contract (Basmajian and DeLuca, 1985) . It correlates to muscle tension and gives us a very useful window into the mind. The first commercial myoelectric prosthetic hand was developed by the Central Prosthetic Research Institute of the USSR in 1964 (Muzumdar, 2004) . Although there have been significant advancements of commercial prosthetic hands recently, many amputees have not received prosthetic services or use prosthetic limbs regularly. A virtual robotic prosthetic hand system is an effective supplement for a real prosthetic hand.
It has become clear recently that targeted muscle re-innervation (TMR) is a successful way of controlling a multi-DOFs prosthetic hand using an EMG signal (Roche et al., 2014; Castellini et al., 2014) . It is a method of improving real-time control of myoelectric prosthetic hands by moving residual arm nerves to innervate the new target muscle, combined with pattern recognition technology. Since some amputees may not be eligible for TMR, a rigorous medical review is required before the operation on a patient. Furthermore, surgery is expensive, intrusive and the whole process will take a year or longer. As a non-invasive method, surface electromyogram (EMG) is a safe, minimal invasive signal for obtaining useful and meaningful information regarding muscles. In this paper, we employ surface EMG as the signal source.
In recent years, EMG-based control of multi-DOFs prosthetic hands has been investigated by researchers worldwide, including University of New Brunswick (Ameri et al., 2014; Ali et al., 2014) , University of Gottingen (Muceli et al., 2014; Jiang et al., 2014) and Rehabilitation Institute of Chicago's research groups (Smith et al., 2011; Simon et al., 2011) . They mainly focused on simultaneous and proportional control of some hand motions such as wrist flexion and extension, supination and pronation, abduction and adduction, hand open and close. Some studies have demonstrated that the classification accuracy could achieve over 95% for more than ten hand motions with pattern recognition (Erik and Kevin, 2011) . Therefore, apart from daily self-care activities (ADLs) that need these hand motions, a lot of activities need finger motions.
Previous studies focused on dexterous individual finger motions, such as Yang et al. (2014) who classified ten finger motions and six wrist motions by using eight EMG electrodes and achieved the highest classification accuracy of 90.87%. Al-Timemy et al. (2013) used 12 EMG electrodes to identify three finger motions, and achieved an accuracy of 98% for 12 healthy subjects. Khushaba et al. (2012) used only two EMG electrodes to classify ten fingers motions from eight participants, the average classification accuracy is ≈ 90%. Jie et al. (2014) demonstrated that the appropriate selection of a small number of channels also resulted in high classification accuracies. Note that these studies were focused on individual finger's flexion and extension. Multi-finger motions are very difficult to control since the muscles related to finger motion are very small and some of them are deep in the body's tissue mass. In this paper we chose eight simultaneous and combined multi-finger flexion and extension motions that are useful for grasping objects.
Traditionally, amputees must undergo a long and complicated practice procedure to adapt a commercial myoelectric prosthetic hand, which is expensive for many amputees. Therefore, it is useful to deploy a virtual robotic prosthetic hand to assist amputees to have full practice of their muscle to control the prosthetic hand in proper way (Simon et al., 2011; Ortiz-Catalan et al., 2013) . In this way, the practice time and the control performance validation can be effectively shortened (Zhou and Hu, 2008) , it is safe and affordable. But it is not easy to have a virtual environment to do the practice. ROS has been used in many robotic simulation areas, the characteristics of ROS are its powerful interface with robots in general and robotic prosthetic hands, in particular, the low-level tasks can be transparently handled by ROS, and all the functions realised in simulation environment are easily and synchronously mapped into the mechanical system. In this paper, we construct a virtual robotic prosthetic hand system, in the ROS framework, with real-time control and visual feedback.
It is well known that a good off-line performance has no obvious value for the prediction of the corresponding online performance. Ortiz et al. (2013) pointed out that good online performance is related not only to the accuracy of an offline algorithm, but also to visual feedback Wang, 2015) . Lock et al. (2005) demonstrated that no obvious correlation was found between off-line and online tests comparing linear discrimination analysis (LDA), artificial neural network (ANN) and Gaussian mixture model (GMM) algorithms. Although the literature has shown the importance of feature extraction in the off-line (Phinyomark et al., 2010; Scheme and Englehart, 2014) , is there still significant difference between off-line and online tests in different features? The research results in this paper will show that online outputs differ wildly even when they all meet excellent off-line accuracies of features, and as a visual feedback, the virtual robotic prosthetic hand system will affect the online performance as well.
The rest of the paper is organised as follows. Section 2 describes materials and methods applied to develop myoelectric signals control for a prosthetic hand's multifinger motions, the off-line and online experiment phases are conducted to evaluate the classification performance and the online experiment includes two stages which are with and without visual feedback from virtual robotic prosthetic hand system. Section 3 presents the experimental results to show the feasibility and performance of the proposed system, followed by some discussions in Section 4. Finally, a brief conclusion and future work are given in Section 5.
Materials and methods

System design
As shown in Figure 1 , a multi-finger EMG-based control system with visual feedback is designed in this research work for controlling a virtual robotic prosthetic hand. Surface EMG data is collected by electrodes attached on the forearm's skin over related muscles, then the signal will be pre-processed by rectification, amplification and band pass filtering. Steady features are extracted from the EMG data after signal pre-processing, and then fed into a proper classifier to classify the data to predefined categories. A post-processing method is applied to eliminate destructive jumps and smooth data output before the prosthetic hand control. The virtual robotic prosthetic hand motion displayed in ROS is a visual feedback to the subject.
Subjects
EMG signals were recorded from the forearm of four naive healthy subjects (three males and one female, all right handed). With an average age 28 ± 6 years, body mass index (BMI) 23.6 ± 3.6 kg/m 2 , none of four subjects had any known neurological diseases, and they all trained and operated the virtual robotic prosthetic hand system before data acquisition. The data collection was conducted at the University of Essex, UK. All subjects volunteered to participate in the experiments and signed an informed consent form.
Multiple-finger motions
Eight multi-finger flexion and extension motions were implemented in this study, six of these motions were based on Cutkosky (1989) These motions contained non-prehensile grasp (motion 1), prehensile grasp (motion 2 to 4) and precision grasp (motion 5 and 6).
The other two motions were 7 index finger extension 8 nature posture, index finger extension has been reported as a very useful motion for house maid and machinist activity (Zheng et al., 2011) and the 'nature posture' was added as an additional motion.
All the motions are shown in Figure 2 . 
Electrode placement and numbers
As shown in Figure 3 , seven muscles are related to multifinger motions, namely extensor indices, extensor digitorum, abductor pollicis longus, extensor pollicis brevis, extensor pollicis longus, flexor pollicis longus and flexor digitorum profundus. The thumb is controlled by abductor pollicis longus, extensor pollicis brevis, extensor pollicis longus and flexor pollicis longus. The index finger is controlled by extensor indicis and flexor digitorum profundus. Other fingers are controlled by extensor digitorum and flexor digitorum profundus. It should be noticed that extensor indices, abductor policies longus, extensor policies brevis and extensor policies longus are not on the surface of muscle, and covered by extensor digitorum. It is very hard to get useful information from the exact muscle. Considering the longitudinal distribution of forearm muscles, the posterior aspect of forearm geometric shape was divided into three parts and then located two electrodes on each part (Oskoei, 2009) , two electrodes were attached on the flexor pollicis longus muscle, the other two electrodes were on the anterior aspect, near to the wrist, all the grey rounded rectangles in Figure 3 are the electrodes. For optimal pick-up of EMG signals, subjects were scrubbed with alcohol and shaved if necessary, and all electrodes were placed in parallel to the muscles fibre (Ng et al., 1997) and stuck to the skin by special adhesive bandage. 
Signal acquisition
The primary component in the acquisition setup was a DelsysTMTrigno Wireless System R with a base station and multiple wireless EMG electrodes. These electrodes were equipped with a self-contained rechargeable battery and allowed an operative range of 40 m. EMG signals were sampled at a rate of 1,926 kHz and gain of 300 were used for this study which are default parameter of the DelsysTM system, the baseline noise was less than 750 nV and filtered with a 50 Hz notch filter to remove inline AC noise, then passed through a 20-450 Hz Butterworth bandpass filter to remove DC offsets and eliminate the artefacts of the signal. The base station received the EMG streams over a proprietary wireless communication protocol and relayed these via a standard USB connection to the desktop PC responsible for data acquisition. The MATLAB 2013b (Mathworks, Natick, MA, USA) software was used for the numerical processing of two experiment phases. For online experiment phase, the virtual hand running in ROS has five fingers and 20 actuated DOFs, which was modelled from a Shadow Dexterous HandTM (Shadow Robot Company, Ltd., London, UK). Figure 4 shows the visual feedback from virtual robotic prosthetic hand system. The data was acquired under room temperature (around 23°C) and humidity (20%-30%). In order to obtain repeatable subject data, each subject's pose was replicated. The pose of each subject was in the seated position with their arm perpendicular (vertical) to the desktop so that their pose did not change or fluctuate during the experiment. For the off-line phase, the instruction pictures of all motions were shown to all subjects before data acquisition, they need to practice the target motion in order to perform the correct one. Figure 5 The visual feedback from virtual robotic prosthetic hand system (see online version for colours)
In the off-line phase, each motion had two trials. One trial continued for 100 seconds and the subject was required to keep the motion for four seconds and a rest for about four seconds, it is 12 repetition in one trial. A rest period of about one minute between each trial and two minutes between each motion were given to avoid muscle fatigue. For the online phase, the subject was asked to execute the trained motions in random order and keep each motion for 15 seconds. At the first stage, there was no visual feedback and the subject performed the motions as off-line phase. In the second stage, the subject had a visual feedback of the virtual robotic prosthetic hand running in ROS. Figure 5 shows the signal flow structure of the virtual robotic prosthetic hand system, i.e., from sensors to simulators.
Data processing experiment
Segmentation and feature extraction
There are two states of muscle activity: transient state and steady state. Steady state represents a constantly maintained contraction in a muscle, a reliable training dataset can be made by steady state data (Oskoei and Hu, 2007) . In the off-line phase, only the central 3s steady states of data in each 4s motion were used for analysis. EMG signal's feature is usually computed after windowing the data, Smith et al. (2011) tested that the optimal window length between 150 and 250 ms can get the acceptable controller delay and reasonable classification error. So, the signals were segmented using a sliding window with a length of 200 ms (almost 385 samples), and the increment of the sliding window was set to 81 ms (almost 156 samples). The windows number of a training dataset was calculated by the following formula:
where NTW is the number of training windows, TDL is the training data length (ms), SWL is the sliding window length (ms), WI is the window increment length (ms).
The first three-fifths of the trials data were composed of the training dataset. The remaining two-fifths of the data was used as the test dataset, the accuracy of classification was computed using a five fold cross-validation method for training and testing, it is to demonstrate that the choice of the training data does not significantly affect the results. Training data length in this experiment was 21.6 s for one trial, so the windows number of one motion's training dataset was 530 for one motion, it is almost 200,000 samples.
The amplitude and the power spectrums are the two main characteristics of the EMG signal which belong to time domain (TD) and frequency domain (FD). To extract the useful information from the segmented windows, standard TD features have been verified as useful on EMG control system (Oskoei and Hu, 2007; Jie, 2014) . Therefore, seven single features, namely root mean square (RMS), mean absolute value (MAV), variance (VAR), waveform length (WL), Willison amplitude (WAM), integrated absolute value (IAV), slope sign changes (SSC), and one multi-feature of MAV+WL (MWL) were analysed and studied in our research. It is worth to be noticed that most of the features calculated the statistics data during one window. Therefore, extraction principles of WAM and SSC are based on the number of times when the amplitude difference of two consecutive samples in one window exceeds a predetermined threshold. Note that the threshold determined the feature's characteristic and is crucial for the classification accuracy.
Classification
Support vector machine (SVM) (Li, 2015) and naive Bayes algorithms were adopted in the off-line experiment phase instead of classic algorithms such as k-nearest neighbours (k-NN), LDA, ANN, multilayer perceptions (MLP), hidden Markov model (HMM) and GMM (Erik and Kevin, 2011) . SVM was chosen because the off-line performance was testified in many previous papers (Ali et al., 2014; Alkan and Gnay, 2012; Oskoei and Hu, 2008; Xu et al., 2014) and naive Bayes is a very efficient supervised learning algorithm and only requires small amount of training data to estimate the parameters necessary for classification. We used toolbox LIBLINEAR (Fan et al., 2005) to implement SVM algorithm, and statistics toolbox to implement naive Bayes algorithm. A five-fold cross validation (CV) was performed in SVM algorithm to optimise penalty parameter c. In each iteration of the CV, the penalty parameter was selected using a dense grid search with c ∈{2 −8 , 2 −7 , ..., 2 8 }, each subject had different c value. During the online phase, the model trained in the off-line phase was used to classify the real-time EMG data.
Post-processing
Post-processing algorithm was used to smooth the control command applied to the virtual robotic prosthetic hand system during the online phase. In order to reduce the online instability caused by misclassification, the post-processing method used in this study was majority voting (MV), which was proposed in Englehart and Hudgins (2003) . It includes the previous m samples and next m samples of the given decision point, and the new decision is the class with the greatest number of occurrences in the 2m + 1 points. This method can decrease the spurious points presented in the unprocessed window. The number m is a trade-off between accuracy and processing time, m = 10 was found a compromise figure in this experiment in terms of accuracy and acceptable processing time.
Performance evaluation indicators
Off-line performance evaluation
Often, off-line performance can be illustrated by classification accuracy (ACC), precision (PPV), sensitivity (TPR) and F-score (F) based on the confusion matrix. The four elements to calculate these parameters are true positive (TP), true negative (TN), false positive (FP) and false negative (FN). The formulas of these parameters are listed below:
Online performance evaluation
Online performance can be evaluated by delay time and online accuracy. Delay time measures the time required for the virtual robotic prosthetic hand to receive the first control command, and therefore can be seen as the response speed of the system. Online accuracy is another important parameter to evaluate the online performance, it is calculated by the percentage of correct predictions in total predictions during one motion's action. For example, if the processed windows number of one motion is about 500, thus producing 500 predictions from which 450 are correct, the online accuracy would be 90%.
Experiment results
Off-line experiment phase
In the off-line phase of the experiments, average ACC of eight features among four subjects were evaluated using two classification algorithms for all eight multi-finger motions. Figure 6 shows the result of an analytical comparison among seven single features and one multi-feature. The selected TD single features (i.e., RMS, MAV, VAR, WL, WAM, and IAV) had over 96.19% accuracy with the naïve Bayes algorithm and 96.93% accuracy with the SVM algorithm.
Figure 6
The visual feedback from virtual robotic prosthetic hand system (see online version for colours) Table 1 shows the values of classification performance indexes with SVM and naive Bayes classifiers for WAM features obtained 72 from the four different subjects, including the representative results on PPV, TPR and F-score and the overall accuracy. Figure 7 shows the confusion matrix derived from the EMG data after using the SVM classifier .6.6 for WAM feature. The predicted and true classes are platform, small diameter, medium wrap, sphere, tripod, tip pinch, index finger extension, and natural posture.
Online experiment phase
As can be seen from Figure 5 , the different delay time mostly depends on different time consumption of feature extraction and classification algorithms in MATLAB. SVM algorithm used in this paper runs really fast because it does not have to compute the kernel for any two points. The delay time of two classifiers across six selected TD single-features (RMS, MAV, VAR, WL, WAM, and IAV) is shown in Figure 8 . The online phase is separated into two stages. The first stage has no visual feedback from the virtual robotic prosthetic hand system (SVMO), and the second stage is implemented with visual feedback from the virtual robotic prosthetic hand system (SVMW). Figure 9 summarises the average and standard deviation of online accuracy with six selected TD single features during two stages across four subjects. ANOVA test illustrates that there is no significant interaction between six features (p = 0.355), and there is a significant interaction between SVMO and SVMW (p = 0.032) at the same time. The standard deviation of SVMW is smaller than that of SVMO (p = 0.00196) in comparison. The confusion matrix for WAM feature of SVMW is shown in Figure 10 . 
Discussion
The objective of this study was to quantify the benefits of visual feedback of myoelectric signals to control eight multi-finger motions, for this purpose, we present a visual feedback from a virtual robotic prosthetic hand system by using robot operating system. In comparison with the virtual environment reported in the literature (Pistohl et al., 2013) , the position control of a two-dimensional cursor is replaced by a five-finger robotic hand. Two-phase experiments were conducted in this study.
The results of our off-line experiments show that most of the TD features had high ACC with all algorithms. These results provided more discriminative information than other single feature and multi-feature. As the best instance of each group, WAM offered the highest accuracy rate of 98.79%with the SVM algorithm. The feature characteristic of the data can be represented by a well-chosen threshold value of the WAM feature, it is 10 mV in this study. It is clear that SVM outperform naive Bayes through all features.
As shown in Table 1 , PPV, TPR and F-score are almost perfect for every finger motion, and overall accuracies of finger motions show that the SVM algorithm is better than naive Bayes algorithm. Figure 7 shows that most of the classification errorsinvolved the 'sphere' being mistaken for the 'platform', this is due to the fact that these two motions were made up of same muscle groups.
The ANOVA results of our online experiment show that delay times have no statistically significant difference between different features (p = 0.896). There is a statistically significant difference between SVM and naive Bayes classifiers (p = 0.0003). Naive Bayes has longer delay time, causes more functions to be called and more maths executed, which is poor for the performance of online experiments. For this reason, only SVM algorithm was implemented in the online phase. The visual feedback improved the online classification accuracy through all selected TD single features. Meanwhile, the SVMO online accuracy of WAM feature was only 47.65%, for two reasons:
1 the threshold of WAM feature was trained by the off-line phase, but it is very hard to replicate the motion during the online phase without any feedback; 2 its delay time was longer than other features.
However, the SVMW online accuracy of WAM features was similar to the other features because the subject can adapt the motion with the help of the visual feedback. When the motion is similar to the off-line phase, the amplitude difference of the two consecutive samples in one window will exceed the pre-trained threshold, and the classification accuracy will increase significantly. As shown in Figure 9 , the RMS feature had the highest accuracy in SVMO since it needs very simple calculation and the delay time of RMS was the shortest of all the features, so, the complexity of a feature is an important factor to the online system. Although the online accuracies of six features in SVMO were very different, their SVMW performances were similar and the simple and fast feature has more robustness than other features. Figure 10 shows the confusion matrix derived from the SVMW for WAM feature, compared to Figure 7 (a), fewer motions were confused with each other by SVMW approach. Therefore, it seems reasonable to conclude that the general performance of SVMW is better than that of SVMO. Best performance was achieved in the presence of visual feedback, suggesting that visual cues play complementary roles in facilitating successful grasps in the presence of uncertainty.
Conclusions
This paper is focused on the development of EMG-based control system for a multi-DOFs prosthetic hand. A robotic prosthetic hand was built in a virtual environment based on ROS. In particular, we have compared off-line and online experiments based on eight multi-finger motions across four subjects. The off-line's classification accuracy showed that SVM outperformed naive Bayes across eight TD-features and the WAM feature had the highest accuracy rate with SVM. The confusion matrix of the WAM+SVM showed that most of multi-finger motions can be classified well except for two motions from same muscle groups. Online experiment performance was evaluated by delay time and online accuracy. The result suggests that delay time and feature's extraction principle are the most influential factors to online experiment without visual feedback. Therefore, the selected TD-features exhibit good performance when using the virtual robotic prosthetic hand as visual feedback.
Evidence shows that existing virtual robotic prosthetic hand system based on ROS, to some extent, is able to support simulation of various multi-finger motions. Therefore, these systems could possibly be used to replace face to face training on-site. Unfortunately, evidence also reveals that multi-finger motion is of a complicated physiological nature leading to unsolved problems beyond previous EMG-based control of prosthetic hands system functional capability, e.g., muscle fatigue, sensor position change, and long-time wearing. There is, therefore, a need to develop insight into the characteristics of multi-finger myoelectric signal.
The future work will be focused on long term of trials, i.e., test and training data will be collected over a period of days. Advanced online classification methods will be tested in order to evaluate the reliability of the virtual robotic prosthetic hand system.
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